Practical implications {#sec1}
======================

Our analysis shows that the best time point to implement travel restriction and local intervention strategies in Shenzhen is between 10 and 17 January and 15 and 22 January, respectively. For Shenzhen, the most critical intervention strategies are shortening the duration from symptom onset to hospital admission and quarantining arrivals from Hubei province. However, for other countries, quarantining arrivals from high-risk countries, stopping working and schooling and mask wearing stand out. We also found out that screening for imported individuals and implementing strategies too early are ineffective for infection risk reduction.

1. Introduction {#sec2}
===============

The first case of COVID-19 was identified and reported in the city of Wuhan, the capital of Hubei Province, China, in early December 2019 \[[@bib1]\]. By March 31, 2020 the disease had spread into more than 200 countries, with more than 750,000 confirmed cases and more than 36,000 deaths \[[@bib2]\]. More than 82,000 confirmed cases were reported in China alone, with nearly 15,000 cases in provinces other than Hubei \[[@bib3]\]. Guangdong Province, where the city of Shenzhen is located, had 1438 confirmed cases reported, making it the most affected province in China other than Hubei \[[@bib3]\]. Within Guangdong, Shenzhen was the most affected city with 450 confirmed cases by 31 March \[[@bib4]\].

Many studies have used mathematical models (e.g. the SEIR model, a stochastic branching process model) to predict the spread of SARS-CoV-2 infection, analyse the efficiency of intervention strategies such as contact tracing, and determine the delay from symptom onset to hospital admission \[[@bib5], [@bib6], [@bib7], [@bib8]\]. However, it is difficult for the existing mathematical models to consider micro-patterns such as personal decisions and preferences, spatial relationships of a population including distributions of buildings \[[@bib9]\], and the dynamic links between social and environmental processes \[[@bib10]\]. Agent-based models were developed based on cellular automata and artificial life. The defining feature of agent-based models is that elements of the system are represented primarily as discrete agents with several unique attributes \[[@bib11]\]. Integrating mathematical models into an agent-based approach is promising \[[@bib12],[@bib13]\].

Shenzhen became the first fully urbanised city (100% of urbanisation rate) in China in 2016 \[[@bib14]\]. An analysis of the spread of SARS-CoV-2 infections in Shenzhen may be useful as a reference for other urbanised cities. In this study, we simulated the spread of SARS-CoV-2 infections in the city between 1 January and February 16, 2020 using an agent-based SEIIR model (defined below in Section 2.3). We analysed the daily effective reproduction number of the virus $R_{e}{(t)}$, the infection type (e.g. imported infection, family secondary infection, etc.), and the spread of SARS-CoV-2 infection under different spatiotemporal settings with different basic reproduction numbers ($R_{0}$) and seven different intervention strategies including mask wearing, mandatory quarantine for recent arrivals from Hubei, screening at transport stations, work stoppage and school closure, temperature detection in public places, delay from symptom onset to hospital admission, and the probability of self-quarantine at home after symptom onset.

2. Methods {#sec3}
==========

2.1. Data sources {#sec3.1}
-----------------

An agent-based SEIIR model was used to simulate the spread of infections in Shenzhen from 1 January to February 16, 2020. All demographic data were obtained from the Statistics Bureau of Shenzhen Municipality \[[@bib15]\]. The data for COVID-19 cases were from case reports by Shenzhen Municipal Health Commission \[[@bib4]\]. All locations were simplified and divided into seven groups, including residences (D, residential communities including homes), workplaces (W, companies including offices), schools (S, schools including classes), restaurants (R), markets (K), shopping malls (M), and hospitals (H) \[[@bib9]\]. Detailed settings for all seven locations can be found in [Appendix A](#appsec1){ref-type="sec"}. Data for hospitals and schools were from the Shenzhen Municipal Government \[[@bib16],[@bib17]\], and data for shopping malls were from the Yingshang big data report \[[@bib18]\]. We also considered population inflow and outflow in Shenzhen, and all migration data between 1 January and 16 February were obtained from our collaborator, Baidu Map Insight. In the simulation, many time-variant parameters were set based on the governmental policies of Shenzhen, and all of these policies were obtained from the Shenzhen Education Bureau \[[@bib19],[@bib20]\], Shenzhen Municipal Health Commission \[[@bib4]\], Shenzhen CDC \[[@bib21]\], Commercial Bureau of Shenzhen Municipality \[[@bib22]\], Shenzhen Housing and Construction Bureau \[[@bib23]\], Sohu News \[[@bib24]\], Shenzhen Special Zone Newspaper \[[@bib25]\], and Pengpai News \[[@bib26]\].

2.2. The city {#sec3.2}
-------------

Shenzhen occupies a total area of 1997 km^2^ and has a population of more than 13.02 million \[[@bib15]\]. The population density is more than 6500 people/km^2^. Shenzhen has 64 hospitals, 2455 schools \[[@bib16],[@bib17]\], and 440 shopping malls \[[@bib18]\] ([Fig. 1](#fig1){ref-type="fig"} ).Fig. 1Geographic distributions of hospitals, kindergartens, primary and middle schools, universities, and shopping malls in Shenzhen.Fig. 1

Shenzhen has many migrant workers. The inflow and outflow populations of Shenzhen between 1 January and February 16, 2020 are shown in [Fig. 2](#fig2){ref-type="fig"} . Before the first day of the Chinese New Year holidays (24 January), the net outflow population (the outflow population after subtracting the inflow population) was 6,198,461. Because of the COVID-19 outbreak, only 1,596,987 of the net outflow population returned to Shenzhen from 24 January to 16 February, which means approximately 4.6 million residents were still outside of Shenzhen by 16 February. Of the entire inflow population, 0.5% were from Wuhan, 1.3% were from Hubei Province excluding Wuhan, and 36.9% were from other provinces excluding Hubei and Guangdong Provinces. We only simulated the spread of SARS-CoV-2 infection between 1 January and 16 February.Fig. 2Population moved into and out of Shenzhen between 1 January and February 16, 2020. (a) Inflow and (b) outflow populations.Fig. 2

2.3. Agent-based SEIIR model {#sec3.3}
----------------------------

SEIR model is widely used in the simulation of infection spread \[[@bib27]\], especially in COVID-19 transmission \[[@bib28],[@bib29]\]. We used an SEIIR model ([Fig. 3](#fig3){ref-type="fig"} a) and integrated it into an agent-based approach. All individuals were categorised into 5 groups: the susceptible (*S*), the exposed without symptoms who are also non-infectious (*E*), the infected without symptoms but who are infectious ($I_{1}$), the infected with symptoms but who are not hospitalised ($I_{2}$), and the removed, namely the infected who are either hospitalised, recovered, or dead (*R*). The incubation period $t_{E}$ was set to 120 h (5 days) \[[@bib1],[@bib30]\]. The generation time was set to 7 days \[[@bib1],[@bib31]\], so that the mild symptomatic period $t_{I1}$ was 48 h (2 days). The symptomatic infectious period $t_{I2}$ changes with time and will be introduced later.Fig. 3Model introduction. (a) SEIIR model; (b) daily commutes in an agent-based model (the ratio of workers/students going to companies/schools, and of $P_{1}$ to $P_{4}$, are time-variant parameters); (c) three steps in the simulation ($P_{TM}$: probability of temperature detection when entering public areas; $P_{Mtoh}$: probability of hospitalisation if a person is detected to be infected; $E_{M}$: mask efficiency for infection risk reduction; $X{(t + 1 = t_{X})}$ means that the personal timer reaches the total time of status $X$).Fig. 3

In the agent-based model, all individuals were divided into 4 groups: students ($S_{td}$), workers ($W_{rk}$), people without mobility ($P_{nm}$, simplified as 'non-mobile individuals'), and people with mobility who do not need to go to work or school ($P_{m}$, simplified as 'mobile individuals'). In this model we considered that students included all people aged between 4 and 18 years, and all university students; workers included everyone aged between 19 and 60 years, except for the unemployed and university students; non-mobile individuals included those aged under 3 and over 80 years; and mobile individuals included those aged between 19 and 79 years who are not workers. The unemployment rate in Shenzhen in 2019 was 2.3% \[[@bib15]\]. Therefore, according to the age distribution there were in total 10,421,180 workers (80.0%), 1,650,100 students (12.7%), 358,614 non-mobile individuals (2.8%), and 596,706 mobile individuals (4.6%) in the city as of January 1, 2020.

The time step was set to 1 h in the simulation. The assumptions of individuals' daily routes are shown in [Fig. 3](#fig3){ref-type="fig"}b. Non-mobile individuals were assumed to stay at home the entire day. We considered two commuting patterns, weekday and weekend.

We considered three steps in the simulation: *mobility*, *infection*, and *personal status change* ([Fig. 3](#fig3){ref-type="fig"}c). In *mobility*, all residents move between buildings (lines between locations in [Fig. 3](#fig3){ref-type="fig"}b). If there is a temperature detection at all public places, a symptomatic patient would be moved to hospitals and placed under mandatory home quarantine based on detailed policy. Some policies also force family members of the infected to stay at home for 14 days for self-quarantine. In *infection*, all susceptible individuals have a probability to be infected if there are infectious patients ($I_{1}$ and $I_{2}$) in the same indoor environment. The infection probability also considered the risk reduction brought by mask wearing. All people have a timer in the simulation. In *personal status change*, the timer of each person pluses 1 h every step. And personal status ($E$, $I_{1}$, $I_{2}$, and $R$) would change to the next status when the personal timer reaches the threshold of each period.

The SARS-CoV-2 virus is mainly transmitted via the close contact route \[[@bib32], [@bib33], [@bib34]\]. In offices, people spend 10% of their time in close contact \[[@bib35],[@bib36]\]. In a primary school, students spend nearly one third of their time in close contact \[[@bib37]\]. Here, we assumed that students in schools on average spent 20% of their time in close contact with others. In restaurants, having a meal face-to-face with others is more likely, and we also hypothesised that people spent 20% of their time in close contact. According to Ferguson et al. \[[@bib38]\], the ratio of close contact rates in homes, offices, schools, and shopping malls is 1:1:2:1/6. In these simulations, we hypothesised that the close contact rate of people in a residential community (out of their own home), in a company (out of their own office), and in a school (out of their own class) was 10% of the close contact rate in a home, office, or class, respectively. Each person was considered to be randomly having close contacts with others while indoors.

The simulation considered all data between 1 January and February 16, 2020. From the case reports of the Shenzhen Municipal Health Commission \[[@bib4]\], for each patient the date of entering Shenzhen, date of symptom onset, date of hospital admission, and city of origin were known. These data were used for the initial settings of the simulation. Individual status ($E,\ I_{1},\ I_{2}$) when entering Shenzhen was deduced based on the case report and the length of the different periods. We assumed that individuals entered Shenzhen at random times throughout the day. In the simulation, we set the initial number for viral reproduction, $R_{0}$, to 2.5, and we used the effective reproduction number per day, $R_{e}{(t)}$, defined as the number of secondary infections generated by an infected index case in the presence of control interventions, to show the severity of the spread of infection. The details of these data are listed in Appendix B. All fixed parameter settings for the simulation are listed in [Table C1](#appsec1){ref-type="sec"}.

[Fig. 4](#fig4){ref-type="fig"} lists 11 relevant policies for infection prevention and control enacted by the Shenzhen and Guangdong governments. We also set all time-variant parameters in the simulation based on these policies (referenced in Appendix C).Fig. 4Policies for infection prevention and control by the Shenzhen and Guangdong governments.Fig. 4

3. Results {#sec4}
==========

Up until February 16, 2020, Shenzhen had 418 confirmed cases of COVID-19 \[[@bib4]\]. From the real statistics, the average delay from symptom onset to hospital admission in Shenzhen was 3.9 days, slightly longer than that of other cities (2.70 days) ([Fig. 5](#fig5){ref-type="fig"} a). Among all infected patients, 47.5% were male, and the average age of infected patients was 45 ([Fig. 5](#fig5){ref-type="fig"}b). Except for cases 'under investigation', 85.8% of confirmed cases were imported, of which 77.6% were from Hubei Province and 8.2% were from non-Hubei provinces. Among local cases, 66% were home secondary cases ([Fig. 5](#fig5){ref-type="fig"}c). House workers, the unemployed, and the retired had the highest infection risks, and accounted for more than 52% of confirmed cases ([Fig. 5](#fig5){ref-type="fig"}d).Fig. 5Case analysis of COVID-19. (a) Daily new cases in Shenzhen, and the delay from symptom onset to hospital admission in both Shenzhen and other cities. (b) Confirmed case distribution by age and gender. (c) Occupational distribution of confirmed cases (information from 337 valid cases). (d) Causes of infection (information from 364 valid cases).Fig. 5

Using these detailed parameters, our simulation of the spread of infections from 1 January to 16 February is shown in [Fig. 6](#fig6){ref-type="fig"} a. The peak values of $E$ (92 cases) and $I_{1}$ (38 cases) appear around 26 January and 28 January, respectively. Because governments appealed to residents not to leave their homes, many residents stayed at home during the outbreak. According to the simulation results, approximately 40 cases who were in the incubation period or the asymptomatic period left Shenzhen. Nearly two-thirds of local patients were infected in their homes. This value is consistent with the observed value of 'family secondary cases' in [Fig. 5](#fig5){ref-type="fig"}c. For non-family infected cases, 52%, 18%, 16%, and 9% were infected in a workplace, restaurant, shopping mall, or school, respectively ([Fig. D1](#appsec1){ref-type="sec"}). The daily effective reproduction number fluctuated between 1.1 and 2.6 at the beginning of January and decreased to 1.0 on 20 January ([Fig. 6](#fig6){ref-type="fig"}b). After the highest-emergency response on 24 January, $R_{e}{(t)}$ decreased to 0.4, and was no higher than 0.1 after 13 February, even though some workers had returned to their workplaces. The simulation results for the spread of infection in Shenzhen under uncontrolled conditions are also shown in [Fig. E1](#appsec1){ref-type="sec"}.Fig. 6Simulation results. (a) Spread of infections with time (cumulative symptom onset cases are equal to the total numbers of $I_{2}$ and $R$ combined); (b) daily effective reproduction number $R_{e}{(t)}$.Fig. 6

The simulated spread of infections under different intervention methods is shown in [Fig. 7](#fig7){ref-type="fig"} a--g. For all results in [Fig. 7](#fig7){ref-type="fig"}, only one parameter was changed at a time in each case, while all other parameters were kept at the default values (shown in [Tables C1 and C2](#appsec1){ref-type="sec"}). From the simulation results, the three most effective intervention strategies for reducing the risk of infection in Shenzhen were shortening the delay from symptom onset to hospital admission, early implementation of mandatory quarantine for arrivals from Hubei Province, and increasing the probability of staying at home after symptom onset. If all patients had been able to go to hospital immediately after symptom onset, the number of local infections could have been reduced by 50% ([Fig. 7](#fig7){ref-type="fig"}a). If temperature detection in public places had been advanced by one week (from 26 January to 19 January), 11% of the local infections could have been avoided ([Fig. 7](#fig7){ref-type="fig"}b). Health screening made little contribution in Shenzhen, with only 6% of local infections being avoided even if all symptomatic individuals had been correctly found ([Fig. 7](#fig7){ref-type="fig"}c). If all residents in Shenzhen had started wearing masks in all public places one week earlier, local infections could have been reduced by 20% ([Fig. 7](#fig7){ref-type="fig"}d). Mandatory quarantine for arrivals from Hubei Province was one of the most critical intervention methods. If the Shenzhen government had advanced the mandatory quarantine for arrivals from Hubei Province by one week (from 24 January to 17 January), 35% of local infections could have been avoided ([Fig. 7](#fig7){ref-type="fig"}e). The impact of work stoppage and school closure was not significant because there were few infectious cases after 2 February (the last day of the Chinese New Year holiday, which started on 24 January) ([Fig. 7](#fig7){ref-type="fig"}f). Self-quarantine after symptom onset was also important in reducing the risk of infection, and the total number of local infections would have been increased by 39% if there had been no self-quarantine ([Fig. 7](#fig7){ref-type="fig"}g). [Fig. 7](#fig7){ref-type="fig"}h shows the spread of infection with different $R_{0}$. The sensitivity analyses for other parameters are shown in Appendix F.Fig. 7Spread of SARS-CoV-2 infection under different intervention strategies. (a) Delay from symptom onset to hospital admission; (b) temperature detection in public places (0% indicating no temperature detection, 50% indicating half of public places had temperature detection after 24 January. The reference date is 24 Jan); (c) screening for incoming individuals ('all covered' means all incoming individuals are screened and 'all correct' means the correct rate of detection is 100%); (d) mask wearing; (e) mandatory quarantine for arrivals from Hubei Province (The reference date is 24 Jan); (f) school closure and work stoppage ('S', 'No S', 'W', and 'No W' represent schools open, school closure, workplaces open, and work stoppage, respectively); (g) probability of symptomatic patients staying at home; (H) initial $R_{0}$. 'A week earlier' and 'A week delayed' mean that the strategy is conducted a week earlier or a week later than the current implementation date.Fig. 7

The spread of infection under various conditions with only one control method is shown in [Fig. 8](#fig8){ref-type="fig"} a--g. In this simulation, Chinese New Year holiday is not considered. If all symptomatic patients could have gone to hospital within 2 days, the total infection risk would have been reduced by 60% ([Fig. 8](#fig8){ref-type="fig"}a). Temperature detection in public places can filter out many symptomatic patients, and 65% of infections could have been avoided if this control measure had been conducted since 15 January ([Fig. 8](#fig8){ref-type="fig"}b). If there had been no intervention strategy against the local spread of infections, screening for all incoming individuals would have been ineffective ([Fig. 8](#fig8){ref-type="fig"}c). In addition, 100% mask usage in all public places from 15 January could have prevented 67% of infections ([Fig. 8](#fig8){ref-type="fig"}d). Up until 16 February, the total number of infections would have been reduced by 86% if a 14-day mandatory quarantine for arrivals from Hubei Province had been conducted since 1 January ([Fig. 8](#fig8){ref-type="fig"}e). However, the risk of infection would have been reduced by only 39% if the quarantine had started on 22 January. If workers and students had stopped working and going to school after 22 January, nearly 70% of infections would have been avoided ([Fig. 8](#fig8){ref-type="fig"}f). If 100% of patients had stayed at home after symptom onset, the risk of infection would have been reduced by 60% compared with a situation where only 70% of patients stayed at home ([Fig. 8](#fig8){ref-type="fig"}g). [Fig. 8](#fig8){ref-type="fig"}h shows the uncontrolled spread of infection under different $R_{0}$.Fig. 8SARS-CoV-2 infection under only one intervention strategy. (a) Delay from symptom onset to hospital admission; (b) temperature detection in public places; (c) screening for incoming individuals; (d) mask wearing; (e) mandatory quarantine for arrivals from Hubei province; (f) school closure/work stoppage; (g) probability of symptomatic patients staying at home; (h) initial $R_{0}$.Fig. 8

4. Discussion {#sec5}
=============

Almost immediately after the recognition of the human-to-human transmission of the SARS-CoV-2 virus on January 20, 2020, Wuhan implemented its travel ban on 23 January. Unfortunately, approximately 5 million individuals had already left Wuhan as the traditional Chunyun period (Chinese New Year holiday travel season) started at least one week prior to the Chinese New Year celebration on 25 January \[[@bib39],[@bib40]\]. Following the lockdown of Hubei Province, 30 other Chinese provinces or province-level regions initiated the highest-level emergency response before 26 January. After one month of efforts, the daily new cases reported in mainland China were reduced to fewer than 500 \[[@bib3]\]. Currently, COVID-19 has gained a foothold throughout the world. COVID-19 differs from other infectious diseases (e.g. SARS) in terms of infectious period, transmissibility, clinical severity, and the extent of community spread \[[@bib41]\]. Therefore, intervention strategies that are useful for control of other infectious diseases may not be effective for the SARS-CoV-2 virus and the COVID-19 disease that it causes.

Based on the current intervention strategies in Shenzhen, by 16 February local infections would have increased by 120% if the $R_{0}$ had doubled. However, this implies that the outbreak could still have been controlled under Shenzhen\'s intervention strategies even if the $R_{0}$ had doubled. We analysed the efficiency of seven intervention strategies on COVID-19 cases in Shenzhen based on both realistic and uncontrolled conditions. Shortening the duration from symptom onset to hospital admission, quarantining recent arrivals from Hubei Province, and letting symptomatic individuals stay at home were found to be the three most important interventions to reduce the risk of infection in Shenzhen.

The simulation was conducted based on a deterministic model, and the uncertainty is relatively small comparing to a stochastic model. The uncertainty of the simulation is relatively higher when the total number of the infected is small. We also did a sensitivity analysis for each parameter to show how uncertainty is influenced by changes of parameters.

In the study, all results were obtained based on the hypothesis that all data are real and complete. Inaccurate and incomplete testing might have biased the findings. We did not consider asymptomatic patients in the simulation, and it would also bring some errors.

4.1. intervention strategies on the early stage {#sec5.1}
-----------------------------------------------

More strategies will lead to greater potential economic impacts \[[@bib42]\] and affect the daily life of the population. Intervention strategies implemented at the right time bring not only the highest intervention efficiency, but also the lowest negative impact on society. In this epidemic, many intervention strategies are available to reduce the risk of infection. The efficiency of intervention strategies depends on the phase of the local epidemic. Travel restrictions (including prohibiting all transport from high-risk areas), screening at transport stations (e.g. airport screenings), and a 14-day mandatory quarantine for incoming individuals are efficient in reducing infection risk in the early phases of an outbreak. In Shenzhen, 90% of imported cases were from Hubei Province. If the government had advanced the 14-day mandatory quarantine for arrivals from Hubei Province by one week, 35% of local infections could have been avoided. However, only an additional 4% of local residents would have been infected if the mandatory quarantine had been delayed by one week.

Screening for incoming individuals could on average have shortened the delay from symptom onset to hospitalisation by approximately 3 days compared with local cases \[[@bib43]\]. Many countries including the USA, Russia, Australia, and Italy started to suspend or limit flights to mainland China and strengthened airport screening in early February \[[@bib44],[@bib45]\]. Based on our analysis, the time period from 10 January to 17 January would have been the best to implement mandatory quarantine for people from Hubei Province and health checks for all incoming individuals. However, because of the incubation period, sensitivity of exit and entry screenings, and the proportion of asymptomatic cases, it is estimated that 46% of infected travellers were not detected \[[@bib46]\]. The infected would also permeate into a city despite the 14-day quarantine because 1% of cases will develop symptoms after the mandatory quarantine period \[[@bib47]\].

4.2. Intervention strategies on the middle and late stages {#sec5.2}
----------------------------------------------------------

These methods, which are effective in the early phase of a COVID-19 epidemic, are ineffective in completely eliminating the disease \[[@bib48]\]. When local transmissions start (the second phase), other intervention strategies become more effective. For Shenzhen, shortening the delay from symptom onset to hospital admission, staying at home after symptom onset, and wearing a mask were the most effective intervention strategies during this epidemic phase. If 100% of patients could have stayed at home after symptom onset, the local infection risk would have been reduced by 60% compared with a condition of free movement of all symptomatic patients. If all patients could have gone to hospital for isolation as soon as their symptoms began, the local risk of infection would have been reduced by 56% compared with the average conditions of a 10-day delay between symptom onset and hospital admission. In Shenzhen, the average delay from symptom onset to hospital admission was 3.89 days, but there is great room for improvement.

Work stoppages and school closures can reduce the largest source of cross infection outside of homes. Because the COVID-19 outbreak in Shenzhen was around the Chinese New Year holiday (from 24 January to 2 February), work stoppages and school closures only influenced the spread of infection after 2 February. The impact of work stoppages and school closures was therefore not significant because there were few local infected cases after 2 February. If there had been no Chinese New Year holiday, school closures and work stoppages would have been very useful to reduce the risk of infection. Starting school closures and work stoppages too early is ineffective. If they had been implemented after 22 January, 69% of infections could have been avoided compared with using no intervention strategy.

In our simulation of Shenzhen, if we randomly removed temperature detection at 50% of public places, the infection risk only increased by 2%. Active people who frequently move during the day are highly likely to be recorded by temperature detection programmes, with a probability $P = 1 - {0.5}^{n}$ in which *n* is the number of public places where an individual has been. A susceptible person experiences the highest exposure risk of respiratory infection when he or she is in close proximity with an infected person. Wearing facial masks is necessary to beat COVID-19 \[[@bib50]\]. If there had been no other intervention strategy, 67% of infections could have been avoided if 100% of people had worn a mask outside the home after 22 January. However, the Shenzhen government had appealed to all residents to stay at home after 24 January. Most companies and all schools were closed because of the Chinese New Year and governmental policies. The efficiency gain in infection reduction by mask wearing was therefore smaller than it would have been under the uncontrolled condition, and could only reduce the risk of infection by 18%.

All intervention strategies in the second phase are intended to decrease the number of contacted individuals, reduce close contact risks, and shorten the effective infectious period of infected patients. Many national governments have implemented these intervention strategies, such as cancelling or postponing large public events, encouraging people to stay at home, and teaching and learning online \[[@bib40],[@bib51]\]. In Shenzhen, the best time to implement these intervention strategies was found to be between 15 January and 22 January. Regardless of impacts from other intervention strategies, if only one of various strategies had been implemented by 22 January (or 15 January), 67% (72%) of infections could have been avoided by mask wearing, 65% (68%) by temperature detection in all public places, and 69% (74%) by school closures/work stoppages. There would have been almost no additional risk reduction if all of these intervention strategies had been implemented before 15 January.

4.3. Limitations {#sec5.3}
----------------

There are some limitations in this study. We assumed that the infection is only transmitted by close contact route, which means that long-range airborne and distant fomite routes do not take effect \[[@bib52]\]. The time-variant parameters (listed in [Table C2](#appsec1){ref-type="sec"}) were assumed based on the local policies, and it would bring errors because the human behavior may not conform to assumptions. However, we analysed the sensitivity of all parameters to show their impacts on infection spread (Appendix F). In addition, not all geographic data were extracted from the real distribution. Moreover, we have ignored exposure in public transports since previous literature showed that the infection risk on local public transports is very small \[[@bib9]\]. In the simulation, we only considered the mentioned interventions, other interventions such as contact tracing and nucleic acid testing were not considered. All limitations mentioned above will bring little errors to the simulation result. Similar models could be built to examine contact-borne, food/water-borne, and vector-borne diseases. In addition, the limitations in this study should be addressed in future research to improve the accuracy and reliability of the simulation.

5. Conclusions {#sec6}
==============

In this study, we analysed the efficiency of seven intervention strategies (delay from symptom onset to hospital admission, temperature detection in public places, screening for incoming individuals, coverage ratio of mask wearing, mandatory quarantine for arrivals from Hubei province, school closure and work stoppage, and probability of symptom patients staying at home) by simulation based on agent-based SEIIR model. Most population and building data were real (from census and governmental report), and simulation parameters were set based on local governmental policies. We found that shortening the duration from symptom onset to hospital admission and quarantining arrivals from Hubei province are most critical interventions to Shenzhen, while quarantining arrivals from high-risk countries as early as possible, stop working and schooling, and mask wearing are the most effective intervention strategies to other countries. The ideal time window for a mandatory quarantine of arrivals from Hubei Province was between 10 January and January 17, 2020, while the ideal time window for local intervention strategies was between 15 and 22 January. Our results may be useful for other cities when choosing their intervention strategies to prevent outbreaks of COVID-19.
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